Introduction {#Sec1}
============

According to the latest liver cancer statistics from World Cancer Research Fund International and American Institute for Cancer Research, liver cancer was the sixth most common cancer worldwide in 2018 \[[@CR1]\]. In particular, it is the ninth most commonly occurring cancer in women, but the fifth most common cancer in men. Furthermore, there were more than a total of 840,000 new cases diagnosed in 2018 which was 1.074 times more than that in 2012 \[[@CR2], [@CR3]\]. Besides having a healthy diet and being physically active, an early detection and intervention is also critical in mitigating the risk of liver cancer. Currently, with the rapid development of medical imaging technology, CT and MRI medical imaging examinations have been widely used in clinical applications to monitor the liver structure and state for diagnosis and treatment of liver cancer \[[@CR4]\]. However, manually analyzing detected imaging slices is really a time-consuming and error-prone task to conduct for physicians and radiologists alike and there often exist some inter-observer variations for this kind of pixel-level labelling tasks \[[@CR5]\]. Therefore, an accurate and automatic hepatic lesions/tumors localization and segmentation approach is urgently required as a diagnostic aid for early liver cancer detection.

However, in medical tumor segmentation tasks from liver scans, there still exist several hard challenges, with hepatic tumors as an example, such as low tissue contrast, large variability in tumor shape, size and number among inter-patient CT scans and intra-patient slices, and the vague boundary problem between diseased and healthy regions in the whole liver. In recent years, Fully Convolutional Networks (FCNs) \[[@CR6]\] and U-Net \[[@CR7]\] based deep neural networks have been widely utilized in biomedical and medical image segmentation tasks with an outstanding success \[[@CR9], [@CR11], [@CR12]\]. Both types of network architectures utilize skip connections to integrate shallow feature maps and high semantic feature maps from different scales, which can generate more precise pixel-level recognition by fusing detailed positional information from shallow layers. Still, it should be noted that the range of contextual information obtained from those models is heavily limited by the depth of networks and the size of kernels used. Several recent works \[[@CR13]\] modify these basic architectures by introducing multi-scale context fusion motivated by the Inception-ResNet-V2 model, where a large reception field can extract more abstract features for large objects, while a small reception field is better for small objects. Even though fusing multi-scale contextual information can capture different size objects, it cannot leverage the correlation between different objects in a global context, which is very important for medical tumor segmentation, in particular, segmenting common multiple tumors in a liver. To further exploit contextual dependencies, U-Net variants based on Recurrent Neutral Networks (RNNs) have been proposed to aggregate the context over local features from output feature maps of top layers of pre-trained CNN models \[[@CR16]\]. Despite the enhancement of their representative capability, the implicitly captured global dependencies heavily rely on the learning outcome of the long-term memorization \[[@CR17]\].

Different from these contextual extraction modules, in this paper, we propose a multi-scale contextual dependency framework inspired by attention mechanisms in machine translation tasks \[[@CR14]\] to capture fine-grained contexts for inter- and intra-tumor regions and enhance the discriminability of learned features, and thus improve the performance in the hepatic tumor segmentation task, as shown in Fig. [1](#Fig1){ref-type="fig"}. More specifically, we first construct a new U-shape model motivated by CE-Net \[[@CR13]\], where the pre-trained ResNet model and different size context aggregation with dilated convolutions and a multi-kernel pyramid pooling are fused into an encoder-decoder architecture. Then, we place the multi-scale context extraction model on all the skip connections to capture fine-grained contextual information by adaptively aggregating local features with their global dependencies from different scale feature maps, respectively. Finally, for a context extraction block on each skip connection, we model the semantic context interdependencies over all the local features from both the spatial and the channel dimensions. In this way, the spatial contextual relationship can avoid the effect of the position distance between tumor regions in 2D feature maps and meanwhile, aggregate tumor features at each location by summing a global dependency on all the related tumor features. Furthermore, a global interdependent channel affinity map is also computed to exploit and emphasize the correlation among different feature categories along the channel dimensionality. By adding the two-level extracted contextual information element-by-element, the explicit fine-grained contexts can be learnt to produce more precise predictions for hepatic tumor segmentation, especially for small tumors. Moreover, with the guidance of the learned multi-scale contextual dependencies, the false-positive results are also significantly reduced, which is quite important for early cancer detection due to the existence of small lesions or tumor regions in the early stages. Furthermore, the interpretability of the proposed networks has also been greatly improved for hepatic tumor segmentation.Fig. 1.A test example with our segmentation result and internal learned feature visualization comparison before and after using our multi-scale contextual dependency framework. Several feature map pairs corresponding to two scale contextual operations are respectively given and each learned feature map is enlarged for clarity. Note that the width and height of input image is set to 448 × 448 pixels in our networks.

Contributions of this study can be summarized as follows:We propose a novel framework to explicitly aggregate contextual relationships between hepatic tumors in different scale feature maps, which can successfully address various complex and hard challenges in medical tumor segmentation. The proposed framework is also an important improvement over the current automatic segmentation methods. Moreover, parts or all of the proposed framework can be integrated into any FCNs or U-Net based architectures seamlessly.Our proposed global dependency extraction module operates on all skip connections to capture multi-scale fine-grained hepatic tumor contextual information, where two types of context aggregations are embedded into each skip connection for exploiting long-range contextual dependencies from both tumor spatial and channel dimensionalities. In addition, the explicit context aggregation with feature visualization noticeably boosts model's interpretability.The proposed medical tumor segmentation framework has been evaluated on real-world hepatic tumor data. The results show that multi-scale contextual dependencies over feature spatial regions and channel maps have significantly improved tumor segmentation performance, while reducing false positive and false negative rates of hepatic tumors on CT slices, and they have also enhanced the discriminative ability of learned representations in medical tumor segmentation.

The Proposed Multi-scale Framework {#Sec2}
==================================

Overview {#Sec3}
--------

In this paper, we propose a multi-scale fine-grained contextual information extraction framework to model long-range contextual dependencies over CT imaging regions for improving hepatic tumor segmentation performance. The proposed network framework can perform global context aggregation over locally connected feature maps and then embed their global dependencies into local features, which can further increase the correlations between tumor regions and enhance their representative capability for medical tumor segmentation. By explicitly passing similar local contexts regardless of positional distances like in an undirected graph operation, the correlation and interaction of contextual dependencies from both the spatial and the channel dimensions is explicitly propagated and encoded into subsequent feature maps. Moreover, the characteristics of small-size tumor/lesion regions can also be inferred better after they are perfectly contextualized by utilizing this multi-scale contextual design, which noticeably reduces false positive cases as well as giving clear boundary predictions.

In order to take the full advantage of its effectiveness, the proposed multi-scale context framework is fused into a new U-shape context encoder network, which gives a significant improvement for the backbone and its variants, and really differentiates them in the aspect of context aggregation. Moreover, our proposed multi-scale framework requires a very few additional parameters, which only increases by 0.37% over that of the backbone networks. Experimental results show that our proposed multi-scale framework performs better than the state-of-the-art methods for medical tumor segmentation. The whole architecture of our designed networks is shown in Fig. [2](#Fig2){ref-type="fig"}, which includes four main parts: ResNet based feature encoding, multi-kernel context extraction, multi-scale fine-grained contextual aggregation and contextual feature decoding.Fig. 2.Our multi-scale fine-grained contextual dependency framework for hepatic tumor segmentation, which consists of several main functional modules: (a) a ResNet-34 based feature encoding module, (b) a multi-kernel context extraction module, (c) a multi-scale fine-grained contextual aggregation module and (d) a contextual feature decoding module. An example with its prediction from the proposed algorithm is illustrated end-to-end in the whole workflow.

Spatial Context Extractor {#Sec4}
-------------------------

There is a spatial context extractor for modeling the 2D contextual dependencies and a channel context extractor for modeling the 3D contextual dependencies on each of the three-dimensional feature map groups (where W × H × C refers to width, height and channel numbers of the learned features for each input image).

Subsequently, we introduce the spatial context extractor in detail and discuss the process of adaptively aggregating the 2D contextual dependencies. First, an input image with 448 × 448 × 3 size on the left in Fig. [2](#Fig2){ref-type="fig"} is fed into the ResNet based feature encoding subnetwork for extracting its high-level semantic features. We assume that the learned 3D feature maps are a W × H × C tensor, where each 2D feature map is W × H pixels, the channel number is C and the batch size is set to 1 for clarity, like the input data $\documentclass[12pt]{minimal}
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Later, for aggregating all positional local contextual information with global context dependencies for fine-grained spatial context extraction, another new feature map $\documentclass[12pt]{minimal}
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                \begin{document}$$ \alpha $$\end{document}$ is a learnable scale parameter. Overall, the spatial context extraction as shown in Fig. [3](#Fig3){ref-type="fig"}(1) is completed in the whole 2D spatial positions, where the fine-grained context features can further improve intra-class compact and semantic consistency and contribute to enhancing hepatic tumor segmentation performance.

Channel Context Extractor {#Sec5}
-------------------------

We observe that above context process just considers the 2D spatial positions by leveraging each local context $\documentclass[12pt]{minimal}
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                \begin{document}$$ v_{i} $$\end{document}$ is a C dimensionality vector, which means that the interdependency and the correlation between different channels is not fully exploited. However, the 3D channel context information is essential to extract robust hepatic tumor knowledge. Therefore, this subsection discusses the extraction of channel contextual information. Different channel feature maps usually represent different image feature types and semantic information. Furthermore, semantic information from different channels are usually associated with each other, which can improve the representative capability of feature maps if we exploit them in global knowledge. So, in order to explicitly model the interdependencies between the channel maps, we respectively build a channel context extractor for each contextual information aggregation block from our proposed multi-scale fine-grained context extraction framework.

As illustrated in Fig. [3](#Fig3){ref-type="fig"}(2), a light channel context model is utilized to achieve fewer parameters in the process. When the input original feature maps $\documentclass[12pt]{minimal}
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Finally, the obtained global contextual aggregation result $\documentclass[12pt]{minimal}
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Overall, the final feature of each channel $\documentclass[12pt]{minimal}
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                \begin{document}$$ \varvec{X}^{\varvec{c}} $$\end{document}$ is constructed by fusing a weighted sum of all the channel feature maps and the original single feature map in each channel space, which successfully models the long-range context semantic dependencies among the channel maps to boost their representative ability for medical tumor segmentation. Based on an addition operation from both of these context extraction steps, each context aggregation block can fully exploit contextual information in a global view from the spatial and the channel perspectives, as shown in Fig. [3](#Fig3){ref-type="fig"}.$$\documentclass[12pt]{minimal}
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Experiments and Analysis {#Sec6}
========================

Data and Implementation Details {#Sec7}
-------------------------------

### Evaluation Dataset and Metrics. {#FPar1}

Tumor segmentation is a more difficult task than general body organ segmentation tasks due to vague boundaries between diseased and healthy tissues. For this task, a new and challenging hepatic tumor dataset \[[@CR5]\] is used to show hepatic tumor segmentation performance for all the methods considered. This dataset consists of 131 abdominal 3D CT scans acquired from 131 subjects with different types of liver tumor diseases, e.g., primary tumor diseases and secondary liver tumors. These medical data were collected from clinical sites in the world with different CT scanners and acquisition protocols. Here, we can extract 7190 CT slices with tumor annotations. For comprehensive comparisons between different segmentation methods, a number of widely used evaluation metrics are utilized in our study, including Dice similarity coefficient, Hausdorff distance, Jaccard index, precision (also called positive predictive value), recall (also called sensitivity coefficient or true positive rate), specificity coefficient (also called true negative rate) and F1 score. Except Hausdorff distance, the others indicate that the larger results are better.

### Parameter Setting. {#FPar2}

2 NVIDIA CUDA cores with 4 logical GPUs, and 1 Intel Haswell E5-2670v3 CPU are used to train our proposed multi-scale segmentation framework. The batch size for each forward pass is 8 CT slices and the initial learning rate is set to 0.0002, which could be dynamically changed during the training process under the guidance of the variations of errors. If there is no reduction of errors in the next 10 epochs, then the learning rate would be cut in half. Meanwhile, we set the maximum training epoch to 400 with an early stopping strategy. When the generated error is no longer reduced in the next 20 epochs or the learning rate drops below 5e-7, the training process is finished. And the training data and test data are randomly split into 4:1 from all raw data with tumor annotations. In addition, some widely used data augmentation techniques are also used dynamically during our training process \[[@CR13]\]. Only the basic and plain cross entropy loss is employed for better demonstrating the robustness of our model. The Adam optimizer is employed to optimize and update all the network parameters in our segmentation network. The compared state-of-the-art methods are also trained on our dataset according to their original papers.

### Compared Methods. {#FPar3}

The nine state-of-the-art segmentation methods are chosen in our experiments based on several representative models, as baseline methods for comparison: (1) *U*-*Net Based Model*: U-Net \[[@CR7]\] is a highly cited architecture; Attention UNet \[[@CR9]\] adds a spatial attention scheme; Nested UNet \[[@CR12]\] employs hot dense skip pathways. (2) *Context Based Model*: R2U-Net \[[@CR11]\] utilizes recurrent and residual networks; CE-Net \[[@CR13]\] embeds a multi-kernel context encoding mechanism like Inception architecture; Self-attention \[[@CR8], [@CR10]\] exploits spatial context information. And (3) *Attention Based Model*: SENet \[[@CR15]\] uses channel attention mechanism; both DANet \[[@CR17]\] and CS-Net \[[@CR18]\] place self-attention schemes on the top of encoder stage, but with different network architectures. (4) *Fused Model*: Attention UNet \[[@CR9]\] and Self-attention \[[@CR8], [@CR10]\].

Quantitative Analysis {#Sec8}
---------------------

For quantitative analysis, all the ten representative segmentation methods are evaluated on the test dataset, as shown in Table [1](#Tab1){ref-type="table"}. The pioneering U-shape network, U-Net \[[@CR7]\] can be used to predict hepatic tumor regions on CT slices but with an unsatisfactory performance (e.g., 73.62% in Dice) as well as its variant Nested UNet \[[@CR12]\] (e.g., 73.58% in Dice), while the attention based variant Attention UNet \[[@CR9]\] is better by around 5% than the original U-Net under different segmentation criteria. This is because Attention UNet can give a further refinement for learned features from the spatial dimension to highlight the salient features and suppress useless ones. Similarly, SENet \[[@CR15]\] also improves the segmentation performance by embedding squeeze-and-excitation blocks after skip connections as a channel attention mechanism, in spite of a slight decline compared to Attention UNet. Then, we compare popular context based models for medical tumor segmentation. R2U-Net \[[@CR11]\] only outperforms its backbone model (U-Net) by about 1% in segmentation accuracies by employing RNNs and residual connections to extract feature context features. By contrast, multi-kernel context encoder networks CE-Net \[[@CR13]\] can achieve relatively better performance (such as 78.41% in Dice, 33.78 pixels in HD, 72.92% in Precision and 89.33% in Recall) with different evaluation measures like Attention UNet \[[@CR9]\], where pretrained network parameters can also provide some help in improving segmentation performance together with multiple kernel contextual feature extraction.Table 1.Comparison results of the state-of-the-art segmentation methods with widely used evaluation metrics for hepatic tumor segmentation. The numbers in bold represent the best results. Note that Hausdorff distance uses pixel units and others %.Methods/MetricsDiceHausdorff distanceJaccardPrecisionRecallSpecificityF1U-Net \[[@CR7]\]73.6252.6563.6767.4686.7099.7675.88Attention UNet \[[@CR9]\]78.7037.1369.3272.9389.6599.8380.43R2U-Net \[[@CR11]\]74.5546.0464.4668.3887.2799.7776.68Nested UNet \[[@CR12]\]73.5846.8963.5567.3986.9599.7675.93CE-Net \[[@CR13]\]78.4133.7869.0972.9289.3399.8280.30SENet \[[@CR15]\]77.8839.0968.5572.3989.1699.8279.90Self-attention \[[@CR8], [@CR10]\]76.4938.7866.8070.8288.7299.7978.76DANet \[[@CR17]\]79.9730.9471.0074.5090.3899.8481.67CS-Net \[[@CR18]\]78.9032.9069.4573.0390.0399.8380.64Ours**82.1630.0173.4676.9691.1899.8683.37***Average Gain (↗)5.269.796.145.872.490.0584.46*

For comparison with recent self-attention and non-local models \[[@CR8], [@CR10]\], we have integrated their original spatial context extraction module into our backbone networks in lieu of ours. As we can see from Table [1](#Tab1){ref-type="table"}, the Self-attention model \[[@CR8], [@CR10]\] drops two percentage points over multi-kernel context encoder networks \[[@CR13]\]. Very recently, both DANet \[[@CR17]\] and CS-Net \[[@CR18]\] have exploited two types of self-attention models acting on the top of a feature encoder path from different pretrained network architectures with better performance than Attention UNet \[[@CR9]\] and CE-Net \[[@CR13]\], for example, 79.97% vs 78.90% in Dice, 30.94 pixels vs 32.90 pixels in HD, 74.50% vs 73.03% in Precision and 90.38% vs 90.03% in Recall. Moreover, these good segmentation results also illustrate that diverse self-attention strategies can further boost the feature representative capability of a model for accurate tumor localization and segmentation.

More importantly, our proposed multi-scale framework performs the best under all the evaluation metrics while outperforming nine compared state-of-the-art methods by an average of 5.26% in Dice coefficient, ranging from 2.19% to 8.58%. In terms of Jaccard index and Precision coefficient, our model also shows an average gain of 6.14% ranging from 2.46% to 9.91%, and 5.87% ranging from 2.46% to 9.57%, repectively. In addition, the true positive rate (TPR, also Recall coefficient) from our method is also significantly better with an average 2.49%. While Specificity coefficient with 0.058% increase, also called true negative rate (TNR), is also slightly better than all the other methods due to a small percentage of tumor regions in CT slices; F1 score of our model noticeably outperforms all the baseline methods by an average of 4.46% by leveraging Precision and Recall results. Last but not the least, our multi-scale context aggregation method exhibits an average reduction in Hausdorff distance of 9.79 pixels, which means that the boundaries from our segmentation results can better coincide with their corresponding ground truths from radiologists than those of the nine state-of-the-art methods. Overall, our proposed segmentation method can outperform those nine state-of-the-art segmentation methods because our multi-scale context guided information aggregation process can better encode global knowledge into local features with fine-grained representations from spatial and channel dimensions and other important modules in our networks also boost segmentation performance of our framework.

Qualitative Analysis {#Sec9}
--------------------

As shown in Fig. [4](#Fig4){ref-type="fig"}, several segmentation results from randomly chosen CT imaging slices are visualized to provide a qualitative comparison of different models. Both our proposed method and DANet \[[@CR17]\] perform well on the first sample, but others falsely consider healthy regions as hepatic tumors. This is similar in the second sample, except that Attention UNet \[[@CR9]\] also works well. However, from the third sample, we see that DANet \[[@CR17]\] has difficulty to differentiate hepatic tumors from surrounding tissues. As a whole, in cases Fig. [4](#Fig4){ref-type="fig"}(3--5), the false positive rates of the state-of-the-art methods are really high, resulting in many mis-segmented regions. This would negatively affect an accurate diagnosis for patients with hepatopathy, especially for early stage patients. On the other hand, in the sixth sample, the compared models just give partial predictions for tumor regions with some undiagnosed cases, which means a high false negative rate from their models. More importantly, in some challenging cases (e.g., Fig. [4](#Fig4){ref-type="fig"}(7)), all the baseline methods completely fail. Overall, all these misdiagnoses generated from the state-of-the-art automatic segmentation methods could be due to a lack of effective context extraction for accurate hepatic tumor segmentation. By contrast, our proposed multi-scale segmentation framework can extract fine-grained global context dependencies from spatial and channel dimensions and then aggregate them together with local features to generate more precise segmentation results, as depicted in Fig. [4](#Fig4){ref-type="fig"}.Fig. 4.Seven randomly selected samples with their segmentation results from the state-of-the-art methods. For clarity, we only report the regions of interest (ROI) of some of the compared methods due to space limitations.

Conclusions {#Sec10}
===========

In this paper, we have proposed a multi-scale contextual dependency framework to explicitly capture fine-grained context correlations between tumor regions and enhance the discriminability of the learned features and hence to improve segmentation performance for hepatic tumors. In particular, we have modeled the semantic context dependencies over all the local features from both the spatial and channel dimensions. To be specific, the spatial contextual relationship can aggregate tumor features at each spatial location by summing a global dependency on all related tumor features, which can lessen the effect of the position distance of local features in feature maps. On the other hand, a global interdependent channel affinity map is also computed to emphasize the correlation among different feature categories along the channel dimensionality. In addition, feature visualization analysis and comparison significantly improves the interpretability of our proposed automatic segmentation networks. Extensive experiments conducted on a real-life liver tumor dataset also demonstrate that our model outperforms nine compared state-of-the-art segmentation methods. In the future, we plan to extend this framework into further clinical applications.
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